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Abstract: [ Objective ] Hypergraph neural networks (HGNN) have the ability to learn inter-class uniqueness and
intra- class commonality, which can significantly improve learning performance. However, traditional HGNN
methods are in lack of the strong relational induction which determines the way how low-dimensional data nodes
interact with each other. In order to solve this problem, a fuzzy HGNN(FHGNN) classification algorithm based
on fuzzy theory is proposed, and hypergraph structure is constructed according to the characteristic information
of data nodes. [Method ] FHGNN first adopts an edge-focused GNN to make edge prediction through iterative
updates of edge labels. The fuzzy membership function is designed according to the output of edge prediction to
achieve a more accurate representation of the connection relationship between nodes. Finally, the hypergraph is
constructed by the relation representation. Then the nodes are classified again and the result is obtained. The edge
label loss function and node label loss function are used in FHGNN and their parameters are trained and learned
respectively. [ Result] Experimental results prove the proposed FHGNN method is more suitable for small-scale

data with low node information dimension, and performs well in node classification tasks. [ Conclusion ]For clas-
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sification tasks of different data sets, FHGNN can learn the relevant feature information of nodes more effective-

ly and improve the learning effect.
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Tab.1 Classification dataset

Dataset Nodes/Feature  Train/Test Class

Wine Quality 1599/11 1280/318 6

Cardiotocography 2 126/22 1701/425 10

Vehicle Silhouettes 846/18 677/169 4
Image Segmentation 2310/19 2 100/210
Mice Protein Expression 1077/82 867/210

Arrhythmia 452/279 362/90 16

Zoo 101/16 66/35 7

NTU2012 2012/100 1640/372 67
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Tab.2 Graph neural network node classification accuracy %
Model ;Z:lli:y Cardiotocography Seglrrx?eﬁfition Ngi;f;zzitzgl Si\lllelglllcelte‘:[es Arrhythmia Zoo NTU2012
GCN 54.8 32.5 914 514 55.0 57.7 60.0 71.0
ASGCN 44.8 414 58.1 18.8 52.7 64.4 343 -
FastGCN 54.9 20.0 91.0 59.5 42.0 60.0 37.8 48.5
GraphSAINT 58.3 62.2 933 74.2 61.2 91.6 60.5 77.8
LADIES 55.5 54.6 933 60.0 70.4 15.1 94.3 78.0
HC-GNN 48.2 60.9 81.4 75.7 60.9 54.4 73.5 -
DNGNN 37.2 60.2 94.4 64.6 69.3 67.5 - 79.8
GAT 52.3 - 90.4 50.9 23.0 64.4 48.5 60.0
HGNN 56.7 53.2 98.2 57.1 66.2 70.0 352 70.2
DHGNN 40.7 25.4 64.3 52.4 37.2 55.6 - 73.2
LE 58.0 553 96.2 59.1 73.4 68.9 97.0 76.6
HGNN+ 57.6 50.8 96.1 66.1 59.1 67.7 62.5 69.3
FHGNN(Ours)  58.9 76.7 98.5 99.5 82.2 86.6 97.2 78.8

B R A 1R K F, Hi Mice Protein Expression 2%
PR TR Fc -, B Arrhythmia 925 B 3% A 15
B ABAH L HAB IS 53009 73 25K, FHGNNAJ)
BAESRIN

FHGNN #3197 2 Z A A R R R 55 , b 2%
Pem 7 eE I PERE . HJE T FHGNN 55— 20X it
TR I AT R N, 0T R BB R 25
FHGNN Jf AN GRAR f Ab B[] By S5 B 45 SR 3R B FH-
GNN RERE A7 R A TRIZE A sl A5 B, Wt i
FRIHERRR . AH LT S 4R e RSty s /5
SAR D AR 4E /NI 4, F 4 Miice Protein Expres-
sion #l Cardiotocography , B fig11: FHGNN &L #
332 IHALSEIR SR

FHGNN 5 & 48 GNN J7 7 (1 X | 276 T W
ANTTIH 2 & R Gt 2 AR JE s U v 1R . 463
R T 3K P ER A 43l 6 45 B 5 . HGNN AR 7Y
FIFHGNN BERUS 7R 1 O R Mt Xt 432545
520 . FHGNN A 24 17% i ekt |, 33 28 B 58 5 ¢
F YA A AT DL 00 R RN G 2] — A5 B
A o TR B S 6 4% SR (7 B PRI 45 #4 f FHGNIN o
30 [ 4554 1) FGCN AL 22t 24 6.7% . R R ]

SERBRNSAL IR R 2 () 52 2% ) = B AR DG, 53838
B S5 AR L, o] DLSE A b 3R o B 2 1)
JRIZKF . B3 PR A FGCN HTFHGNN )73
REERIT LN . MATL R LR H , A5
1945 HE7E Vehicle Silhouettes F1 Mice Protein Expres-
sion B4 22RO . AT REAY I PR X S 55 4
AR R AR RS (RIS D AN 5 07
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Tab.3 Ablation experiment result %
Relation HGNN . . . Image Mice Protein ~ Vehicle .
Model encoder layers Wine Quality - Cardiotocography Segmentation ~ Expression Silhouettes Arrhythmia
HGNN X vV 56.73 98.22 57.14 66.27 70.00
FGCN VvV X 57.36 95.23 78.09 73.37 85.33
FHGNN V vV 58.93 98.57 99.52 82.24 86.60




55330 AWML, 45 - e T RO P i 22 R 248 ) 35 s 20 2070k 125

60
57
X
E
£
5 54t
B
=
>
511
FHGNN
FGCN
48 L L
200 400
Training times
(a) Wine Quality
M9
S
& 96
<
5
3
= 93r
<
>
90 FHGNN
FGCN
87 1 1
300 600
Training times
(c) Image Segmentation
90
80
X
g
s 70
Q
B
s
60
FHGNN
FGCN
50 1 1

200 400
Trainng times
(e) Vehicel Silhouettes

~ [es]
S (=]
T T

Val accuracy/%
N
B

56
FHGNN
FGCN
48
1 1
200 400 600
Training times
(b) Cardiotocography
96 +
X 84+
=
g
3 72r
2
S 60t
FHGNN
48 L FGCN
1 1
200 400
Training times
(d) Mice Protein Expression
100 |
90 |
X
>
8 80f
=1
g
< 701
>
60 FHGNN
FGCN
50 1 1

200 400
Training times
(f) Arrhythmia

3 FGCN,FHGNNZR3ttk
Fig. 3 Comparison results of FGCN and FHGNN

T 2T 55 1 3k

2) I AN B S A [ P 25 D) 265 01 6] o 22
W2% 1o AT IR, O EAT T I Al S, 45 2k
B FHGNN 7E43 28T 55 USRS T A ARIcR

3) FHGNN A& B33 0] DA FH 5540 1 7 0
SIAESS o ABAE BRI, RO T T I 3 434K
FACT NAE S RS . Aok TAE S 2okt
BREAY | LSRR g L A P

SE Lk
[11 XU C, LI M, NI Z, et al. Groupnet: Multiscale hyper-

graph neural networks for trajectory prediction with rela-
tional reasoning[C]//New Orleans: Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 2022.

[2] WEIT, HOU J, FENG R. Fuzzy graph neural network for
few- shot learning[C]//Glasgow: 2020 International Joint
Conference on Neural Networks (IJCNN), 2020.

[3] FENG Y, YOU H, ZHANG Z,et al. Hypergraph neural
networks[J]. Proceedings of the AAAI Conference on Ar-
tificial Intelligence, 2019,33(1): 3558-3565.

[4] JIANG J, WEI Y, FENG Y,et al. Dynamic hypergraph



N

126 TR A K 2k 2 R

2024 4

neural networks[C]//Macao: Proceedings of the 28th In-
ternational Joint Conference on Artificial Intelligence,
2019.

[51 YADATI N, NIMISHAKWVI M, YADAV P, et al. Hyper-
GCN: A new method of training graph convolutional net-
works on hypergraphs[J].Advances in Neural Information
Processing Systems, 2019, 32: 1511-1522.

[6] YANG C, WANG R, YAO S, et al. Semi-supervised hyper-
graph node classification on hypergraph line expansion[J].
Association for Computing Machinery, 2022: 2352-2361.

[7] GAO Y, FENG Y, JI S, et al. HGNN +: General hyper-
graph neural networks[J]. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2023(3): 3181-3199.

[8] KIPF T N, WELLING M. Semi-supervised classification
with graph convolutional networks[C]//Toulon: 5th Inter-
national Conference on Learning Representations(ICLR),
2017.

[91 VELIKOVI P, CUCURULL G, CASANOVA A, et al.
Graph attention networks[C]// Vancouver: 6th Internation-
al Conference on Learning Representations(ICLR),2018.

[10] CHEN J, MA T, XIAO C. FastGCN: Fast learning with
graph convolutional networks via importance sampling
[C]//Vancouver: 6th International Conference on Learn-
ing Representations(ICLR),2018.

[11] ZOU D, HU Z, WANG Y.et al. Layer-dependent impor-
tance sampling for training deep and large graph convolu-
tional networks[C]//Vancouver: 33rd Conference on Neu-
ral Information Processing Systems(NeurIPS), 2019.

[12] ZENG H, ZHOU H, SRIVASTAVA A, et al. Graph-

SAINT: Graph sampling based inductive learning method
[C]/Addis Ababa: Eighth International Conference on
Learning Representations(ICLR),2020.

[13] ZHONG Z Q, LI C T, PANG J. Hierarchical message-
passing graph neural networks[J].Data Mining and Knowl-
edge Discovery, 2023,37: 381-408.

[14] MAURY S K, LIU X, MURATA T. Feature selection:

Key to enhance node classification with graph neural net-

works[J]. CAAI Transactions on Intelligence Technology,
2023, 8:14-28.

FE—EH BEBINL(1999—) , Lo, W58 A4 BFoT 7 1) o A
TBE JRFE:>) . E-mail: 531818418@qq.com.

BEEE W AMN975—), 5 W 202, W AE 2 0m, oF
557 T AR BLARS~) . E-mail : zzfan3@163.com.

(DTS X 2%



